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Abstract: We propose a negotiation method that mitigates performdegeadation in the multi-agent cooperative pa-
trolling problem not only during planned suspensions faiqaic inspection and replacement, but also during
the transition period to the suspension. Recent develofsniemachine and information technologies have
led to the expectation of using multiple intelligent agemwtsontrol robots. In particular, cooperation between
multiple agents is necessary to process tasks that requritplex and diverse capabilities or encompass a large
environment. Because robots are machines, they need t@blang inspected and replaced with new ones
to prevent unexpected failures and prolong their lifesp&t@vever, suspending agents for such inspections
may cause a rapid performance degradation that cannot bectesjin some applications. Such suspensions
are usually planned, and the transition period is known waade, that is, we know which agents will be
suspended and when. Our proposed negotiation method adigargs that are scheduled for suspension to
hand over important tasks that should not be neglected & atfients. This mitigates the performance degra-
dation during both the transition and suspension periotis.ekperimental results show that the performance
degradation can be significantly reduced compared to egistiethods, especially for security surveillance
applications.

1 INTRODUCTION cooperation and coordination between the agents are
necessary not only for each individual agent to ac-
With the recent development of Al technology, there complish its work, but also to avoid actions such as
is a demand for applications that use networked collisions that can prevent other agents from work-
agents, such as intelligent sensors and autonomousng as well as to ensure overall efficiency by elimi-
robots, to perform dangerous tasks that are impossi-nating overlapping redundant work with other agents.
ble for humans to perform or sophisticated and com- However, it is not easy to design and implement co-
plex tasks on behalf of humans. In particular, the use operative behavior in advance because many factors,
of multiple cooperative agents is expected in large such as the temporal and spatial constraints and capa-
environments and high-complexity tasks. A prob- bilities of all the agents, must be considered. How-
lem that abstracts such tasks is timelti-agent co- ever, these factors are difficult to understand fully in
operative patrolling problenfMACPP). In this prob- the design phase. Therefore, an autonomous learning
lem, agents patrol a particular environment simulta- method strategy for efficient cooperative behavior be-
neously, and cooperate with and complement one an-tween multiple agents is required in which the capa-
other to accomplish, for example, security surveil- bilities of each individual agent and the other agents,
lance (Chen et al., 2015), environmental monitoring the characteristics of the environment, and the learned
(Rezazadeh and Kia, 2019; Zhou et al., 2020), and behaviors of other cooperative agents are considered.
cleaning/sweeping in warehouses and public spacesMoreover, if the agents are self-driving robots or ma-
(Altshuler et al., 2011; Wagner et al., 2008; Li et al., chines, it is probable that they will stop for periodic
2021). inspections over relatively long cycles that alternate
However, because the agents autonomously deterbetween agents , as well stop over relatively short cy-
mine appropriate actions from their own perspectives, cles, such as for recharging. Performance degrada-

_ tion during these suspension periods, especially for
alY https://orcid.org/0000-0002-9271-4507
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a longer cycles that require longer suspension time, itations of Wi-Fi communications. Because tinen-
must be reduced as much as possible. sition periodfor the next suspension of some agents

There have been several studies on MACPP baseds known in advance, that is, which agents will be
on two major approaches for cooperation and coor- stopped and when, the agents that are scheduled for
dination between agents. In the first approach, the suspension can gradually delegate or hand over some
agents divide the environment into areas of responsi-of their tasks to other agents to reduce the perfor-
bility by themselves explicitly and assign each area mance degradation. It was shown that this method can
to one or a few agents (Ahmadi and Stone, 2006; mitigate the temporary but significant performance
Elor and Bruckstein, 2009; Kato and Sugawara, 2013; degradation due to the planned suspension. However,
Zhou et al., 2019). For example, Elor and Bruckstein the number of tasks that are delegated to other agents
(Elor and Bruckstein, 2009) proposed an area parti- before the suspension is fixed and cannot be flexibly
tioning method to balance the sizes of subareas allo-changed. It is also difficult to determine the appropri-
cated to individual agents based on the balloon pres-ate number of tasks to hand over. This led to a large
sure model. However, if a few agents leave the sys- decrease in efficiency before suspension that canceled
tem for inspection, the assignments will need to be out the performance improvement during the suspen-
recalculated from scratch, and the results for the en- sion period.
vironmental characteristics learned by the individual Therefore, in this study, we integrate a novel nego-
agents may become useless. tiation method with conventional AMTDS/TH to es-

In the second approach, the agents autonomouslytimate the number of tasks that should be delegated
select patrol strategies and algorithms according to to other agents during the transition period. The de-
the environment and the behaviors of the other agentscrease in performance is thereby mitigated not only
without an explicit division of the environment (Kalra during the planned suspension period but also dur-
et al., 2005; Elmaliach et al., 2007; Sampaio et al., ing the preceding transition period. We then con-
2010; Yoneda et al., 2015; Sugiyama et al., 2019; ducted experiments for the two MACPP applications
Othmani-Guibourg et al., 2017; Othmani-Guibourg of cleaning/sweeping and security surveillance, and
et al., 2018). For example, Yoneda et al. proposed evaluated the proposed method by comparing its per-
theadaptive meta-target decision strategyMTDS) formance with those of the previous AMTDS/TH
in which each agent autonomously decides on an ap-method and other conventional methods.
propriate patrol strategy using reinforcement learning
while learning the frequency of visit requests for each
location in the environment (Yoneda et al.,, 2015). o RELATED WORK
Sugiyama et al. proposedMTDS with learning of
event probabilities to enhance divisional cooperation

(AMTDS/EDC), which is an extension of AMTDS Many studies to enable cooperative and coordinated

o . . ; behavior between multiple agents to execute an
;herogtgijgtighne r:gﬁlggrloot);a%yclamg v?ggkllcl)%zt;’vglfgtrr]]te MACPP instance efficiently and effectively have been
9 . conducted. As mentioned in the previous section,
agents (Sug'y"?‘ma etal., 2019). We chose_ the S€Cthere are two major approaches for agent coordina-
ond approach in the p“?se”t study bepause I IS MOT€i51 in MACPPs. The first approach involves the di-
appropriate for addressing the periodic suspension Ofvision of the environment into distinct subareas that
agents. However, we found that when the numbe_r OT one or a few agents are in charge of autonomously so
agents s_uddenly becomes lower because of perIOdICthat the agents can work cooperatively with high ef-

. eﬁciency while avoiding conflicts and redundant work
decrease in the total performance. The performance(Ahmadi and Stone, 2006 Elor and Bruckstein, 2009:

degradation cannot be neglected in some critical ap-kato and Sugawara, 2013: Zhou et al., 2019; Xie
plications, such as security patrols, to avoid security o ., 2020). For ex,ample’ Ahmadi anc.i, Stoné pro-

9aps. posed a method to partition the areas of responsibility

Totr?dddreslsl, g,:i/l'll'ssge _-lt—r‘:’“;k' Ifthal. g prop(f)sed through negotiations in an environment in which the
a method calle with task -handover tor frequency of events is possibly non-uniform, as in our

schedlrled fsuspensidngT%S{TH) t% mitigate the N case, and the agents should visit the locations with
overall pertormance degradation When SOme agents e ent frequencies. Hence, the area is partitioned

are suspended for inspectio_n .(TSUiki et al,, 2021.)' by the agents to balance their visiting frequency (Ah-
In this approach, the negotiation protocol used in madi and Stone, 2006). Elor and Bruckstein pro-

AMlTDS/EDC? |§te>:tended antdh usEd when afq;ahntsr are posed a method to divide the environment into areas
N close proximity to one anotherbecause otthe im- responsibility for individual agents by equalizing

84



Task Handover Negotiation Protocol for Planned Suspension based on Estimated Chances of Negotiations in Multi-agent Patrolling

their expansion force. This method was inspired by their aim is to develop work plans that account for
the pressure model of a balloon (Elor and Bruckstein, planned leaves to reduce the workload of staff manag-
2009). ing technical equipment. In other research fields, for

The second approach is to autonomously decide example, Gavranis and Kozanidis developed an algo-
on an appropriate patrol strategy based on the sur-rithm for the flight maintenance problem (FMP prob-
rounding environment and the state of the agentslem) (Gavranis and Kozanidis, 2015). Seif and An-
without explicitly dividing the environment in ad- drew extended this algorithm to solve the operation
vance (Kalra et al., 2005; Elmaliach et al., 2007; Sam- and maintenance planning problem, which is a gener-
paio et al., 2010; Yoneda et al., 2015; Sugiyama et al., alized version of the FMP problem (Seif and Andrew,
2019). For example, Elmaliach et al. proposed a 2018). Moradi and Shadrokh proposed a robust trust-
method in which the patrol paths in the environment based scheduling system that uses a heuristic algo-
are generated and assigned to individual agents (El-rithm for efficient resource allocation to ensure the re-
maliach et al., 2007). Sugiyama et al. proposed a liability of the system for scheduling maintenance ac-
negotiation protocol to balance the workload between tivities during planned shutdowns with unknown ac-
agents by exchanging information about the locations tivity durations (Moradi and Shadrokh, 2019). How-
that should be visited frequently (Sugiyama et al., ever, to the best of our knowledge, these methods re-
2019). We chose the second approach because efguire centralized control, and there is no study so far
ficiency may be negatively impacted in the first ap- on methods for autonomous agents to prepare for the
proach when no agents are assigned to certain ar-planned suspension by themselves.
eas. However, even in the second approach, the previ-
ous studies have not considered temporal suspension.

Planned suspensions can result in significant perfor-3 MACPP MODEL

mance degradation. In particular, Sugiyama et al. re-
ported that sudden stoppages considerable reduce ef=|-
ficiency (Sugiyama et al., 2019).

Some recent studies have used learning algorithms
to enable multiple agents to patrol an environment
in a cooperative manner (Zhou et al., 2019; Xie
et al., 2020). For example, Zhou et al. formulated
the patrolling problem as a Bayes-adaptive transition-
decoupled partially observable Markov decision pro-
cess and introduced a decentralized online learnin .
algorithm using the Monte Carlo tree search methong(.entecj _by a grap_rG = (V,E), embedded in a two-
(Zhou et al., 2019). Xie et al. used particle swarm Q|men3|onal Euclidean space, Whyf& {Vl”.”’V”.}
optimization (PSO) to find reasonable patrol paths is the set of nodes'correspondlng to locations in the
by partitioning the environment (Xie et al., 2020). gnwronment, and IS the set of edges,; connect-
Othmani-Guibourg et al. proposed the learning of N9 nodesy; andv; in V. An agent, areveni and
distributed multi-agent patrol strategies usingpag an obst_acle_ can exist at nogtec V. Note that the .
short-term memorg. STM) network which is embed- eve.ntsf In this study can vary dgpendmg on the apph—
ded in each agent and trained using data generated jrfation; for example, in a security sur\_/elllance appli-
a simulated environment. The network then navigates cation, the number of events Ina location corresponds
the agent in the environment to be patrolled by deter- to the alert level at the Iocapon, and_the accumula-
mining its next movement (Othmani-Guibourg et al., tion of events represents an increase in the alert level.

2018). However, these studies also did not considerIn other exdan’;plter?, an even'i '?. a °'$a””?9 appfllcég'ilor:
the significant deterioration that results when peri- corresponds 1o the accumulation of a piece of dirt a

odic suspensions cause sudden changes in the envid location and the task is to vacuum the accumulated

ronment, which includes the other agents. dirt up; in an egg collection appllcatlon, an event is
the laying of an egg on a certain area of the ground

There are a number of studies on planned suspen-. f f d the task is t llect the laid
sion/stoppages in multi-agent frameworks. Panteleey'" @ IT€€-range farm, and the task 1S to coliect tn€ fai
eggs (Lietal., 2021).

et al. and Ghita et al. proposed methods to produce The length of all the edges can be assumed to be

plans for the periodic maintenance/inspection and re- . : ;

pair of technical equipment using a multi-agent sim- one without the loss of generality by addmg_dummy

ulation environment (Panteleev et al., 2014; Ghita nodes as needed. Leé{vi, vj) be the shortest distance

et al., 2018). These studies differ from ours in that between; anav; (i.e., the minimum number of edges
between two nodes), and(vi,vj) be the Euclidean

he MACPP model and issues addressed in this study
are the same as those in the conventional studies
(Sugiyama et al., 2019; Tsuiki et al., 2021), and are

described in detail below.

3.1 Environment

The environment patrolled by the agents is repre-
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distance. We introduce a discrete time with the unit  After the next target node,, is determined, the

of a time step and assume that an agent can move to agent usegradual path generatioflGPG) (Yoneda

neighboring node and process the tasks on the currenet al., 2015) to generate a patlgenerates the short-

node in a time step. est path to/,, using a simple path-finding algorithm
Foranode/veV, we denote thevent occurrence  (such as A*-search). If there is a node that has a high

probability atv asp(v) (0 < p(v) < 1) at every time  value ofEL{(v) in the vicinity of the generated short-

step. Attime step, the number of accumulated events est pathj adds a detour to that node to the path. The

Lt(v) on nodev is updated as details of the four TDSs, the GPG, and the method of
) returning to the charging base are beyond the scope
Li-1(v)+1 (if an eventoccurs) of this paper; please refer to (Yoneda et al., 2015) for
Li(v) =< Li—1(v) (otherwise, i.e., with more details.

probability 1— p(v)).

When an agent arrives at all events onv are pro-  3-3 Learning and Exchange of
cessed and eliminated by executing the corresponding I mportance Values of Nodes
tasks, and. (v) is set to 0.
The importance values of the nodes and the negotia-
3.2 Agentsand Their Behaviors tion to delegate tasks/nodes, which were introduced in
AMTDS/EDC (Sugiyama et al., 2019), are the central
LetA={1,...,n} be asetohagents. Agentc Ahas concepts in our proposed method. The importance
a finite capaC|ty battery and must return to its charg- value of nodevv is initialized asp'(v) = 0. When
ing base before the battery level reaches zero. Agentagenti executes the task in nodeat timet, p'(v) is
i assigns an importangg (v) to each nodé/v € V. updated regardless of the number of events accumu-
p'(v) is the predicted probability of event occurrence lated invas
inferred from the number of events executed by the : : 1
agent itself (0< p'(v) < 1). Note that becausg (v) PV)=1-0pV)+a—x,
is the probability predicted by each individual agent, Ve
it can differ between agents, even for the same nodewherea (0 < o < 1) is the learning rate for the im-
v. The calculation op'(v) is described in Section 3.3.  portance value.
Although i cannot directly access the value of To further promote load balancing and coordi-

L(v), it can estimate the number of evefik| (v) ac- nation between the agents and increase robustness
cumulated at nodeat timet using the predictegd' (v) against environmental changes, the agents exchange
through . . importance values through negotiation among them-
EL{(V) = p'(v) x (t— i), selves. This means thatdelegates to or is dele-
wheretY,. is the time when node is most recently gated to by other agents so that the agents in the sys-

tem can patrol intensively. Whem(V',v)) < dc, for

i,j € A, where the parametel;o(> 0) specifies the
communication rangbetween the agentsand j are

in communication range and can negotiate with each
other. Moreover, to suppress excessive communica-
tion, we introduce theminimum communication in-

visited by an agent, an,; is assumed to be shared
with all the agents.

The agent decides its actions as follows: First, it
determines the next target nodg, through atarget
decision strategyTDS), generates a pathf, using
the path generation strategy, and moves to it along the . . o ;
path. Wheni arrives atvi,,, it determines the next terval B(> 0) betweeni and j, that s, andjjstore
target node and thereafter repeats the cycle of pathth€ lasttime they negotiated with each otffgy, and
generation and movement described above. How-do not negotiate with each other Un'ﬁlét +B.
ever,i returns to the charging base when its remain- Agenti has itsresponsible node seﬁ\tv which
ing battery capacity is low. Agemtuses the AMTDS is the set ofN§ (> 0) nodes with the highest impor-
(Yoneda et al., 2015) to select its TDS. AMTDS is tance values. The initial values are setp=V
a meta-strategic method for selecting an appropriateand N = |V|. VR and N' are updated when re-
TDS from a set of basic TDSs by Q-learning based on turns to the charging base The agents use two types
EL{(v) and the expected rewards based on the numberof negotiation (negotiation for balancing task work-
of events executed per time step . In the experimentsloads and negotiation for exchanging responsibility)
below, the TDSs are the four simple basic strategies between themselves to updaiév) Vi, andN' For
of random selectionprobabilistic greedy selection ~ more details on the two types of negotlatlons and
prioritization of unvisited interval sectiongndbal- how p'(v), V&, and N are updated, please refer to
anced neighbor-preferential selection (Sugiyama et al., 2019).
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3.4 Evaluation Metrics only during the planned suspension but also during
the transition period before the planned suspension.

We evaluate the system using two types of metrics de-

pending on the expected applications. The firstisthe 4.1 Estimation of Encounter s until

total number of time steps in which the events are left Planned Suspension

unprocessedFor example, in a cleaning or egg col-

lection application, the number of unprocessed events

(pieces of dirt not sucked up by the vacuum cleaner or

uncollected eggs) remaining in the environment and

the amount of time they are left unprocessed should

be minimized Dy, between times andte (ts < te) is

To estimate the number of possible negotiations until
the planned suspension time, agecbunts the num-
ber of encounters for negotiatioy,(t) between the
current timet and the most recent start time or re-
turn time from inspection. Note that the agents do

defined as not negotiate with one another urlitime steps have
ke passed since the last negotiation. The agents also do
Diste = ; > LW not consider the content or tity of th tiati
Gl quantity of the negotiation
o . or the agents that they have negotiated with.
A smaller value oDy, indicates a more efficient pa- The next planned suspensi@for periodic in-
trol. spection or replacement is given in advance as a tuple

The second metric is th@maximum number of un-  g_ (As, Tsp: Trs, Dip), whereAs(C A) is the set of
processed evenfsr all the nodes. For example, in  gqents that will be suspended from the start time of
a timed security patrol, no single point should be left o suspensiofiy to the return time from the suspen-
unmonitored. Therefore, all agents must maintain the gjon T, . ParameteDy, is the length of the transition
maximum number of unprocessed events (i.e., ime period: thus, the scheduled suspension is announced
left unmonitored) across all nodes so that the pre- ;4 4 agents alls,— Dyp. WhenSis announced

defined alert level is not exceeded . This metlig, agenti estimates the number of opportunities for ne-
between timds andte (ts < te) is defined as gotiationNJ]g(t) until Tsp as
Uit. = max Li(v).
tole VeV ts<t<te t(v) Tsp—t |Ag]|

N (1) = NL(t) x X ,
A smaller value ofJ; 4, also indicates a more efficient hg(t) = Nen(t) x = Tt |AI-1
patrol. Hereafter, for the sake of simplicift, and

Uit are denoted aB(s) andU (s), respectively, and

tSoZT?;etzr?ngm{gﬁg (";)t h;rllrci\ila(llsj)elso?vri\?ebr\ln\?vlﬁlse.n (Zlur ing until the planned suspension is reached. Note that
gumber of agents are stonped for scheduled sus en_N,gg(t) is an estimated value and therefore usually dif-
Sions 9 P P€N%ers from those of other agents which may be working

in different areas.

whereTg is the time at which initializes N.(t) and
starts to count it. Therefor&sp—t is the time remain-

4.2 Negotiation for Handover during

4 PROPOSED METHOD Transition Period

In this study, we propose an extension of AMTDS/TH . . . .
(Tsuiki et al., 2021) calledAMTDS with task han-  When both agents and j are inAs or in A\ As,

dover for scheduled suspension based on the esti—t.hey hegotiate with eaqh other_ by using the negotia-
mated chance of encountefAMTDS/THE) to re- tion protocol proposed in (Suglyamg et al., 20_19)_to
duce performance degradation during the periods ofenhance workload balance and activity coordination

task handover and planned suspension. Specifically,awlong agents. Otherwise, whenAsandj € A\ As,

because agents can only negotiate between them_they perform a negotiation for unidirectional task del-

selves when they encounter each other, that is, whenggation to increase the n_umber of nodes _ljust re-
their distance is shorter thaly,, the agents memorize sponsible f(_)r by tran_sfgrrm_g some_of Fhe Importance
the number of times that they have negotiated from values fromi to |. Th'.s |r_np||es that |nd|r'ectly dele-
the (re)start time. The agents that are scheduling theirg"ﬂe.S some ta§ks in its important nodes. to

planned suspension estimate the number of possible First, agenlu G_AS selects the tofey(> Q) nodes
negotiation opportunities until the suspension using With the highest importance values frod}. Then,
these data and determine the number of nodes thathe selected nodes are transferred froto | at a
should be delegated to other agents during the tran-fixed ratio ofp'(v). The importance values of the se-
sition period. This reduces the efficiency loss not
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Figure 1: Experimental environment.

lected nodes forand | are updated using the follow-
ing equations:

PI(V) = PI(V) + PI(V) x B
P'(V) = P'(v) x (1),

whered:(0 < &; < 1) is theratio of importance value
passed This means that agentloes not completely
forget the delegated nodes, but rather inductesex-
pand its work scope. Thugmay not visit these nodes
frequently, and will also visit the nodes that it has
delegated. .

The number of nodes that ageni transfers to
another agent is determined usiNQg(t) by the fol-
lowing formula:

N, J

- {max(l, Nig(t))

where N,5 > 0 is the upper limit of the nodes to be
delegated and is updated in botnd j as

1)

N < N& — e
N, < min([V|,NL+ ).

The max in the denominator in Eq. (1) prevents divi-

suspended agents during the transition period and due
to the suspension of the agents for inspection. In this
experiment, we use@(s) for the cleaning applica-
tion andU (s) for the timed security patrol applica-
tion and introduced different lengths of the transition
period leading up to the suspension to show that the
proposed method is effective in various applications
of the MACPP.

To allow for a simple comparison with conven-
tional methods, the experimental environment was
the same as that used in (Sugiyama et al., 2019) and
(Tsuikietal., 2021). This environme6t= (V,E) is a
two-dimensional 10% 101 grid structure comprising
six rooms and a central corridor, as shown in Fig. 1.
The nodev € V is located on the coordinatesy, yv),
where—50 < xy,yv < 50. The black lines indicate the
walls. For nodé/v € V in the environment, the event
occurrence probability of nodg(v) in Fig. 1 is set as
follows:

10~ (if vis in a red region)
p(v)=< 10~* (if vis in an orange region)
10°% (otherwise, i.e., in a while region)

based on the colors of the nodes. Events are more
likely to occur in the nodes with deeper colors.

The number of agents is 20A( = 20), and the
charging basgj . of all the agents is placed €1,0),
the center of the environment. It is also possible to
place a charging base at a different location for each
agent. Agent leavesy,, . when its battery is full, pa-
trols the environment according to its own strategy,
and returns tov, . before its battery level reaches
zero. The agents perform this action cycle repeat-
edly. We set the battery capacity of each agent to 900,
and assume that the battery decreases by one per time
step. Therefore, the battery is exhausted in 900 time
steps. The time required to increase the charge in the
battery by one unit is 3 time steps. This means that it
takes 2700 time steps for the battery capacity to reach
full capacity from a totally discharged state. For this

sion by zero. Note that after the importance values arereason, we set the data collection intertat ts for

updated, the sets of responsible notsandVy, are
updated wheinand j return to their charging bases.

5 EXPERIMENTS

51 Experimental Setting

We conducted experiments to compare the pro-
posed AMTDS/THE method with the conventional
AMTDS/EDC and AMTDS/TH methods to demon-
strate that AMTDS/THE can mitigate performance

the evaluation indice®(s) andU (s) to 3600, because
the maximum number of time steps in the charge and
movement cycle is 3600. The values for the battery
were set with reference to an actual cleaning rdbot.
The length of each experimental run was set to

3,500,000 time steps. The experimental results shown
below are the average values of 20 runs. A set com-
prising half of the agents from was randomly se-
lected in each trial and denoted As. We define

1it was assumed that one time step corresponds to ap-
proximately 4 seconds, the moving speed is approximately
0.25 m/s, the maximum continuous operational time is ap-
proximately 1 hour, and the maximum charging time is ap-

degradation both due to the task handover from the proximately 3 hours.
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Table 1: Experimental parameters.

Description Parameter Value

Number of agents |A| 20

Communication range deo 5

Minimum communication interval B 10800

Ratio of importance values passedd. 0.5

Data collection interval te—1ts 3600

Learning rate for importance valuea 0.1
45 le6 30

—— AMTDS/EDC — AMTDSEDC

401 —— AMTDS/TH 254 — AMTDS/TH

—— AMTDS/THE

—— AMTDS/THE

N}
n
Maximum Accumulated Events U(s)

Cumulative existance duration of events D(s)

o
n

0.0 . : : . : . 0 T T T T y y
0.0 05 10 15 20 25 3.0 35 0.0 05 1o L5 20 25 3.0 3.5

Time (step) le6 Time (step) 1le6

Figure 2: Variation oD(s) over time. Figure 3: Variation o (s) over time.

Az = A\ A1. We set two planned suspensioBsand  curity patrol for the proposed AMTDS/THE method
S, in each run by assuming that the next inspections and the conventional AMTDS/EDC and AMTDS/TH
are scheduled for a few days or weeks and performedmethods in Fig. 2 and Fig. 3. The following two ob-
two experiments with different suspension schedules. servations can be made from the figures:
Recall that the planned suspension is represented by  First, compared to the conventional AMTDS/EDC
(As, Tsp, Trs, Dip). In Experiment 1 (Exp. 1), the  method, in which task delegation is not performed
planned suspensions are represented as before the planned suspension, the large perfor-
S; = (A1, 1,000,000, 1,500,000, 500,000), mance degradation during the planned suspension,

_ especially the sharp and significant deterioration of
S = (A2, 2,500,000, 3,000,000, 500,000), U(s), are reduced in the proposed AMTDS/THE

and in Experiment 2 (Exp. 2) as and AMTDS/TH methods. Comparing between
S1 = (A1, 1,000,000, 1,500,000, Dyp), AMTDS/THE and AMTDS/EDC, the peak value of
S = (Ag, 2,500,000, 3,000,000, Dyy), U(s) in AMTDS/THE was reduced by approximately

76.5% compared to AMTDS/EDC during the first
: ) planned suspension and by approximately 61.4% dur-
f[lontec: a?ove,h3600 §|me steps chJr;eSpondl to appr(t).x-ing the second suspension. For the cleaning prob-
Imately Tour hours In our simulated environment, lem, the sum oD(s) was improved by approximately

therefore, the transition periods @fy, = 500,000, 14.3% for the first sus : :
) . pension and by approximately
100,000, and 20000 correspond to approximately 5.68% for the second. Note that there was no sig-

three weeks, 4.5 days, and one day, respectively. The ificant difference in performance degradation during

number of agents to be suspended in each planne he planned suspension between AMTDS/THE and
suspension was 10, which is half of the total num- AMTDS/TH, as shown in Figs. 2 and 3, respectively.
ber of agents, AIthough itis unlikely that half of the This is beca{use agents scheduled for ;;Ianned suspen-
ggents will be stopped in a}ctual operatlons, the EXPET"5ion could effectively delegate a portion of their nodes
|ments were performed with extreme settings to con- to agents not scheduled for the next planned suspen-
firm the effectiveness of the proposed method. sion; thus, they continued to cover the entire area,
which prevented a large performance deterioration.
Second, these figures also show that the perfor-
mance degradation during the transition period until
the planned suspension was significantly reduced in

where we seDy, = 100,000 and 20000. As men-

5.2 Performance Comparison

We plot the results for the evaluation metiixs)
for the cleaning-type application as) for the se-
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Figure 4: Performance comparisdd(§)). Figure 5: Performance comparisd(§)).

ecuted with 10 agents from the beginning without
We also examined the effi-

AMTDS/THE compared to AMTDS/TH, especially

for D(s), although AMTDS/TH also delegated nodes
during the transition period. A detailed numerical
analysis showed that AMTDS/THE reduced the to-
tal D(s) during the transition period by approximately
26.0% for the first transition period and by approxi-
mately 9.00% for the second transition period com-
pared to AMTDS/TH. Comparing the performance
of AMTDS/TH and AMTDS/EDC, the efficiency im-

planned suspensions.
ciency when all 20 agents were running at all times
with no planned suspension. The results are shown
in Figs. 4 and 5. Note that the labels “Base10” and
“Base20” in these figures represent the results for the
cases of 10 agents and 20 agents, respectively.
These figures show some interesting results. First,
in the performance results during the two planned sus-

provement during the planned suspension obtainedpensions, both of the metrid{s) andU (s), were as

with AMTDS/TH was offset by the efficiency loss
during the transition period. Meanwhile, there was
no significant difference it (s) during the transition
period between AMTDS/THE and AMTDS/TH, and

neither method caused a significant decrease in effi-

ciency.

low as or lower than the case of 10 agents with no

planned suspensions at all (i.e., “Base10”). This in-

dicates that the proposed method not only mitigated
performance degradation during the planned suspen-
sions, but prevented it completely. Second, the values
of D(s) andU (s) were greatly improved compared to

In general, the workload of the agents during the the BaselO case when AMTDS/THE or AMTDS/TH
transition period is likely to become unbalanced and was adopted, especially during the first planned sus-
result in degraded performance because of task han{ension period. This may be because it took more
dover for delegation. In AMTDS/THE, this negative time for the agents to learn, especially tbfs), when
effect was prevented because the important nodes thathere were only 10 agents compared to when there
were deemed necessary to be always covered werevere 20 agents, because there were fewer opportuni-
gradually and evenly handed over using the accuratelyties for interactions between the agents for learning.
estimated number of negotiation opportunities until Hence, the learning stabilized faster when the number
the beginning of the suspension period. In contrast, of agents was 20. It is therefore better to run a large
because the number of negotiation opportunities werenumber of agents (e.g., 20) in the earlier stages and
not accurately estimated in AMTDS/TH, a large num- then to reduce the number of agents using the pro-
ber of nodes were delegated at an early stage. Thereposed method to speed up the learning convergence,
fore, the agents that were delegated many nodes couldeven when the final number of agents is 10.
not process all of them . This caused the efficiencyto ~ Furthermore, the metrid(s) during the transition
be degraded before the suspension. period of the first planned suspension (Fig. 4) indi-
cates that AMTDS/THE exhibited better efficiency
than the case in which 20 agents worked constantly
(“Base20”). We can see from the curve for Base20 in

Although the sudden loss of efficiency due to the Fig. 4 that the learning had not yet converged, even
planned suspension was found to be mitigated in during the transition period of the first planned sus-

AMTDS/THE, we would like to verify whether the ~ Pension. We believe that the joint work at the impor-

resulting efficiency was adequate. Because there weréa“t nodes was increased through information sharmg
only 10 running agents during the planned suspen- in the proposed AMTDS/THE when the agents in-

sion period, we compared the efficiency with that of formed other agents of the important nodes they had
the case in which the MACPP instances were ex- l€arned so far, albeit unilaterally.

5.3 Performance Analysis
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Figure 6:D(s) at different transition period€yp). (a) Agents inA
1

5.4 Effect of Transition Period Length | —— AMTDSTHE

In Exp. 2, we verified whether AMTDS/THE was
effective even when the transition period until the
next planned suspension was shortened by setting
Dyp = 100,000 or 20000. Because we séd =
10800, the number of opportunities for negotiations
between each pair of agents was at most 8-10 when

Number of Observed Events
)
=3
=3

Dip = 100,000 and 1-3 wheDy, = 20,000; how-
ever, considering the contingency of encounters, the T e mge 15 20 25 30
actual opportunities for negotiation were lower than Time (step) e

these numbers. The results fOfs) obtained using
AMTDS/THE are plotted in Fig. 6, along with the re- 3
sults WherDtp — 500,000 in Exp. 1. Note that we do Figure 7: Number of events observed by agents.
not show the results fdJ (s) because the results were
the same as those whBx, = 500,000.

Figure 6 indicates that even when the transition
periods were shortened iy, = 100,000 and 20000
time steps, the performance degradation during the
transition period and the planned suspension was
still reduced in AMTDS/THE. Although there was a
very slight decrease in efficiency (i.(s) has in-
creased) during the suspension period, the decreas
was negligible. Meanwhile, when the transition pe-
riod was 500,000, the learning was accelerated in
AMTDS/THE, but Dy = 100,000 and 20000 were
too short to positively affect the learning efficiency.
If B is set to a smaller value, the agents will have

more opportunities for negotiation, and the learning As mentioned before. we believe that this was

efficiency will be improved even if the transition pe- . . ) i

riod is short. However, this involves a trade-off in that made possible by ihe sharing of 'mpo”af?t nodes with

it also increases unnecessary communication. This is_pther _agents through the proposed negotiation met_hod

sue will be the subject of future research. in which the agents d|c_j not transfer the nodes with
events for processing directly but only transferred the

ratio & of their importance values. We s&t= 0.5 in

our experiments. If agemtirectly transfers the loca-

L ions, th nj that is receiving them m Ir

To determine if the nodes were actually delegated, we tc; osvetrlgaatljgeeij f): s%tmse gfc tehe rgctei\e/ed Ioac)z/it?or?:l ?1¥ay

investigated the number of events that were processetﬁe far from the area usually covered yhence, it

by agents inA, and A over time. The results for is often not easy fof to complement for such dele-
a randomly selected experimental run of Exp. 1 are gated nodes

(b) Agents inAy

plotted in Fig. 7). Note that the agentsAa stopped
during the first suspension period (Fig. 7a), and the
agents inA; stopped in the second one (Fig. 7b).
The figure indicates that, even during the transition
period, agents that were going to be suspended in
the next suspension period processed a considerable
number of events, although their workload gradu-
glly decreased. Immediately after they stopped, the
évents to be processed were quickly transferred to
other agents. We can also see that the agents that re-
turned from suspension quickly increased the amount
of task processed by using the learning results before
the suspension, and at the same time, the agents that
have not been suspended reduced their workload.

5.5 Discussion
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Table 2: Ratio of difference between the actual and esti- cially in the security patrol problem. Furthermore,
mated number of negotiations (%). AMTDS/THE can also prevent performance degrada-
tion during the transition period. This improvement

Method Mean Max Min is attributed to the introduction of a mechanism for
AMTDS/TH 91.6 920 91.2 agents to accurately estimate the number of remain-
AMTDS/THE 7.7 152 1.7 ing opportunities for negotiation with other agents un-
] til the next planned suspension. The mechanism also
In contrast, becaus® = 0.5, agent did notcom-  gpaples agents to decide on the number of nodes to be

pletely forget the locations it has delegated but revis- delegated based on the number of estimated opportu-
ited them at certain intervals, albeit at a lower fre- pities.

quency in AMTDS/THE. If a large number of events In actual applications, it is necessary to shorten the
remainedj would then understand that the delegated transition period before the planned suspension. For
agentj was in a situation in which it could not work s reason, we would like to improve the method so

adequately; thereforeincreased its importance value  that the agents can autonomously decide the timing of
again. These nodes were then delegatetitbyother  he planned suspension.

agents during subsequent negotiations. Through the

repeated occurrence of this process, the overloaded

conditions were reduced and inappropriate delega-

tions remedied. This led to an improvement in effi- ACKNOWLEDGEMENTS

ciency before the planned suspension. ,
Finally, we investigated whether the agents in 1hiS work was partly supported by JSPS KAKENHI

AMTDS/THE could estimate the number of future Grant Numbers 17KT0044 and 20H04245.

negotiation opportunities until the next suspension pe-

riod. We calculated the ratio of the difference be-

tween the estimated and actual numbers of negotia-REFERENCES

tion opportunities in AMTDS/TH and AMTDS/THE.

The mean maximum and minimum ratios of the dif- Ahmadi, M. and Stone, P. (2006). A multi-robot system for

ferences are listed in Table 2. The results show that continuous area sweeping tasks Pioceedings 2006

the agents in AMTDS/THE could estimate the num- IEEE _International Conference on Robotics and Au-

ber of negotiation opportunities accurately, but the tomation, 2006. ICRA 200@ages 1724-1729. IEEE.

agents in AMTDS/TH could not and underestimated. Altshuler, Y., Yanovski, V., Wagner, I. A., and Bruckstein,

i . A. M. (2011). Multi-agent cooperative cleaning of
In general, it is not easy to estimate the number of expanding domains. The International Journal of

future negotiation opportunities owing to contingen- Robotics Researci80(8):1037—1071.

cies. The number of future negotiation opportunities cpen s Wy, F., Shen, L., Chen, J., and Ramchurn, S. D.
is also affected by the value &, which may pre- (2015). Multi-agent patrolling under uncertainty and
vent agents from negotiating with one another. Thus, threats.PLOS ONE 10(6):1-19.

it seems that AMTDS/TH was designed to promote Elmaliach, Y., Agmon, N., and Kaminka, G. A. (2007).
active node delegation by estimating a smaller num- Multi-robot area patrol under frequency constraints.
ber of opportunities for negotiation. However, this In Proceedings 2007 IEEE International Conference

resulted in considerable performance degradation in  ©on Robotics and Automatippages 385-390.
the transition period owing to some agents becoming Elor; Y. and Bruckstein, A. M. (2009). Multi-a(ge)nt graph

; patrolling and partitioning. 2009 IEEE/WIC/ACM
overloaded because of overly hasty delegation. International Joint Conference on Web Intelligence

and Intelligent Agent Technologyolume 2, pages
52-57.
6 CONCLUSION Gavranis, A. and Kozanidis, G. (2015). An exact solu-
tion algorithm for maximizing the fleet availability of
a unit of aircraft subject to flight and maintenance

In this paper, we proposed a method called requirements.European Journal of Operational Re-

AMTDS/THE to mitigate the temporary but rapid per- search 242(2):631-643.

_formance degradation caused by planned suspensio%hita, B., Agnes, L., and Xavier, D. (2018). Scheduling
inthe MACPP. In AMTDS/THE, the agents to be sus- of production and maintenance activities using multi-
pended delegate an important part of their tasks/nodes  agent systems. 18018 IEEE 23rd International Con-
to other agents during the transition period to pre- ference on Emerging Technologies and Factory Au-

pare for suspension and prevent performance degra-  tomation (ETFA)volume 1, pages 508-515. IEEE.
dation during the planned suspension period, espe-

92



Task Handover Negotiation Protocol for Planned Suspension based on Estimated Chances of Negotiations in Multi-agent Patrolling

Kalra, N., Ferguson, D., and Stentz, A. (2005). Hoplites: A Wagner, I. A., Altshuler, Y., Yanovski, V., and Bruckstein,

market-based framework for planned tight coordina- A. M. (2008). Cooperative cleaners: A study in ant
tion in multirobot teams. IfProceedings of the 2005 robotics. The International Journal of Robotics Re-
IEEE International Conference on Robotics and Au- search 27(1):127-151.
tomation pages 1170-1177. Xie, J., Zhou, R., Luo, J., Peng, Y., Liu, Y., Xie, S., and Pu,
Kato, C. and Sugawara, T. (2013). Decentralized area par- H. (2020). Hybrid partition-based patrolling scheme
titioning for a cooperative cleaning task. In Boella, for maritime area patrol with multiple cooperative un-
G., Elkind, E., Savarimuthu, B. T. R., Dignum, F., manned surface vehicledournal of Marine Science
and Purvis, M. K., editorsPRIMA 2013: Principles and Engineering8(11).
and Practice of Multi-Agent Systenpages 470-477,  Yoneda, K., Sugiyama, A., Kato, C., and Sugawara, T.
Berlin, Heidelberg. Springer Berlin Heidelberg. (2015). Learning and relearning of target deci-
Li, G., Chesser, G. D., Huang, Y., Zhao, Y., and Purswell, sion strategies in continuous coordinated cleaning
J. L. (2021). Development and optimization of a deep- tasks with shallow coordination1Web Intelligence
learning-based egg-collecting robotransactions of 13(4):279-294.
the American Society of Agricultural and Biological ~ Zhou, X., Wang, W., Wang, T., Lei, Y., and Zhong, F.
Engineers 64(5):1659-1669. (2019). Bayesian reinforcement learning for multi-
Moradi, H. and Shadrokh, S. (2019). A robust reliability- robot decentralized patrolling in uncertain environ-
based scheduling for the maintenance activities dur- ments. IEEE Transactions on Vehicular Technology
ing planned shutdown under uncertainty of activ- 68(12):11691-11703.
ity duration. Computers & Chemical Engineering  zhou, X., Wang, W., Wang, T., Li, M., and Zhong, F.
130:106562. (2020). Online planning for multiagent situational in-
Othmani-Guibourg, M., El Fallah-Seghrouchni, A., and formation gathering in the Markov environmetEEE
Farges, J.-L. (2018). Path generation with LSTM re- Systems Journall4(2):1798-1809.

current neural networks in the context of the multi-
agent patrolling. 1n2018 IEEE 30th International
Conference on Tools with Atrtificial Intelligence (IC-
TAI), pages 430-437.

Othmani-Guibourg, M., Fallah-Seghrouchni, A. E., Farges,
J.-L., and Potop-Butucaru, M. (2017). Multi-agent pa-
trolling in dynamic environments. 8017 IEEE In-
ternational Conference on Agents (ICApges 72—77.

Panteleev, V., Kizim, A., Kamaey, V., and Shabalina, O.
(2014). Developing a model of multi-agent system of
a process of a tech inspection and equipment repair. In
Joint Conference on Knowledge-Based Software En-
gineering pages 457—-465. Springer.

Rezazadeh, N. and Kia, S. S. (2019). A sub-modular re-
ceding horizon approach to persistent monitoring for
a group of mobile agents over an urban ar&gAC-
PapersOnLing52(20):217-222. 8th IFAC Workshop
on Distributed Estimation and Control in Networked
Systems NECSYS 2019.

Sampaio, P. A., Ramalho, G., and Tedesco, P. (2010). The
gravitational strategy for the timed patrolling. 2010
22nd IEEE International Conference on Tools with
Artificial Intelligence volume 1, pages 113-120.

Seif, J. and Andrew, J. Y. (2018). An extensive operations
and maintenance planning problem with an efficient
solution method Computers & Operations Research
95:151-162.

Sugiyama, A., Sea, V., and Sugawara, T. (2019). Emer-
gence of divisional cooperation with negotiation and
re-learning and evaluation of flexibility in continuous
cooperative patrol problenkKnowledge and Informa-
tion Systems50(3):1587-1609.

Tsuiki, S., Yoneda, K., and Sugawara, T. (2021). Reduc-
ing efficiency degradation due to scheduled agent sus-
pensions by task handover in multi-agent cooperative
patrol problems. IriThe International FLAIRS Con-
ference Proceedingsolume 34.

93



